We deal with shrinking the stream of tweets for scheduled events in real-time, following two steps: (i) sub-event detection, which determines if something new has occurred, and (ii) tweet selection, which picks a tweet to describe each sub-event. By comparing summaries in three languages to live reports by journalists, we show that simple text analysis methods which do not involve external knowledge lead to summaries that cover 84% of the sub-events on average, and 100% of key types of sub-events (such as goals in soccer)
INTRODUCTION
Twitter users exhaustively share messages about (all kinds of) events they are following live, occasionally giving rise to related trending topics [4] . The community of users live tweeting generates rich contents describing sub-events that occur during a scheduled event, where the time is known [1] . However, the overwhelming amount of information makes difficult for the user: (i) to follow the full stream while finding out about new sub-events, and (ii) to retrieve from Twitter the main, summarized information about which are the key things happening at the event. In the context of exploring the potential of Twitter as a means to follow an event, we address the (yet largely unexplored) task of summarizing Twitter contents by providing the user with a summed up stream that describes the key sub-events. We propose a
Copyright is held by the author/owner(s). HT'12, June 25-28, 2012, Milwaukee, Wisconsin, USA. ACM 978-1-4503-1335-3/12/06. two-step process for the real-time summarization of events -sub-event detection and tweet selection-, and analyze and evaluate different approaches for each of these two steps. To the best of our knowledge, our work is the first to provide an approach to generate real-time summaries of events from Twitter streams without making use of external knowledge. Thus, our approach might be straightforwardly applied to other kinds of scheduled events.
REAL-TIME EVENT SUMMARIZATION
We define real-time event summarization as the task that provides new information about an event every time a relevant sub-event occurs. To tackle the task, we define a twostep process that enables to report summaries in different languages. The first step identifies at all times whether a specific sub-event just occurred. The output will be a boolean value determining if something relevant occurred; if so, the second step chooses a representative tweet that describes the sub-event in the language preferred by the user. These two processes will in turn provide a set of tweets as a summary of the game. We study the case of tweets sent during the games of the soccer competition Copa America 2011. For the 26 games, we retrieved 1,425,858 unique tweets sent by 290,716 different users. As a reference for evaluation, we collected the live reports for all the games given by Yahoo! Sports. These reports include annotations of the most relevant sub-events during a game -goals, penalties, red cards, disallowed goals, and games starts, ends, stops and resumptions-, and the minute when it happened. On average, each game comprises 7.42 annotations.
First Step: Sub-Event Detection
The sub-event detection step has to determine at all times whether a relevant sub-event has occurred, clueless of how the stream will continue to evolve. Before the beginning of an event, the system is provided with the scheduled start time. We rely on the fact that relevant sub-events trigger a massive tweeting activity of the community. We assume that the more important a sub-event is, the more users will tweet about it almost immediately. In the process of detecting sub-events, we compare 2 different ideas: (i) considering only sudden increase with respect to the recent tweeting activity (increase approach [3] ), and (ii) considering also the previous activity seen during a game, so that the system learns from the evolution of the audience (outliers approach). Here, a time frame is reported as a sub-event when its tweeting rate is above 90% of all the previously seen tweeting rates (not only from the previous time frame). Table 1 shows precision (P), recall (R), F-measure (F1), and average number (#) of reported sub-events as compared to the reference. Our outliers approach clearly outperforms the baseline, improving both precision (75.8% improvement) and recall (3.7%) for an overall 40% gain in F1, while the compression rate for the outliers approach almost doubles that of the baseline (56.4%). The outperformance of the outlier-based approach shows the importance of taking into account the audience of a specific game, as well as the helpfulness of learning from previous activity throughout a game. 
Second Step: Tweet Selection
We rely on the outputs of the outlier-based sub-event detection, as the best approach for the first step. When the first step detects a new sub-event, the tweet selector has to choose a tweet as descriptive of the sub-event. To this end, we select the tweet that maximizes the sum of term weights. To define the values of terms, we compare two methods: one relying only on the information contained within the minute of the sub-event (term frequency considering the tweets generated in that minute, TF), and another considering the knowledge acquired during the game. For the latter we use Kullback-Leibler divergence (KLD) [2] to measure how frequent is a term t within the sub-event (H), but also considering how frequent it has been during the game until the previous minute (G): DKL(H G) = H(t) log
H(t) G(t)
. With weights given to all tweets, we create a ranking of tweets sent during the sub-event. We create a ranking for each of the languages we work on. The tweet ranked first for a language is selected to show in the summary in that language. The two term weighting methods were applied to create summaries in the three most frequent languages in our dataset: Spanish (76.2% of the tweets), Portuguese (7.8%) and English (6.2%). Thus, we got six summaries for each game, i.e., TF and KLD-based summaries for the three languages, and they were manually evaluated by comparing them to the reference. In the manual evaluation process, each tweet in a system summary is classified as correct if it can be associated to a sub-event in the reference and is descriptive enough (note that there might be more than one correct tweet associated to the same sub-event). Alternatively, tweets are classified as novel (they contain relevant information for the summary which is not in the reference) or noisy. From these annotations, we computed the following values for analysis and evaluation: (i) precision, given by the ratio of correct + novel tweets from a whole summary; and (ii) recall, given by the ratio of sub-events in the reference which are covered by a correct tweet in the summary (note that redundancy is not penalized by any of these measures). Table 2 shows precision values as the ratio of useful tweets and recall values as the coverage of identified sub-events for the six generated summaries. The results show that a simple TF approach is relatively good for the selection of a repre- 
CONCLUSIONS
Using simple text analysis methods, our system generates real-time summaries with precision and recall values above 80% when compared to manual reports. The fact that users tweet at the same time with overlapping vocabulary helps not only detect that a sub-event occurs, but also select a tweet to describe it. Our study also shows that considering previous information seen during the event is helpful to this end, outperforming methods that only consider the most recent activity. The activity for the soccer games studied in this work varies from 11k to 74k tweets sent, showing that regardless of the audience tweeting about an event, our method effectively reports the key sub-events occurred during a game. The most relevant types of sub-events, such as goals and game ends, are reported almost perfectly.
